Abstract: Incipient faults usually emerge from partial discharges which eventually cause insulation degradation between two insulated cable cores. Early detection of incipient faults is of particular importance because insulation defects caused by incipient faults may lead to permanent faults in underground distribution networks. This paper presents a novel approach using S-transform and support vector regression to predict the occurrence of incipient faults in underground cable networks. The results of this study proved that the new approach is capable to predict the existence of partial discharges in underground power cable systems in Malaysia.
Introduction
Short circuits may occur due to electrical stress or contamination that progressively weakens the integrity of underground cables and over time will lead to insulation failure. Examples of insulation damage are abrasions caused by digging or ground seizing and corrosion damage from salt or oil exposure. Most often the insulation undergoes a gradual aging process before a permanent short circuit fault happens. This type of short circuits is usually referred as incipient faults because the electrical property of the insulation alters adversely and incipient-like behavior commences. Incipient faults may be defined as nonperiodic, asymmetric and sporadic arcing currents, which are random in magnitude and could involve sporadic bursts. Such faults are self-clearing arcing faults which does not draw high current during initial stages but occur very frequently prior to a permanent failure.
The common causes of the electrical stress are due to partial discharge (PD) activities. A PD is a localized dielectric breakdown of a small portion of a solid or liquid electrical insulation system under high voltage stress. PD partially bridges the insulation between conductors and can occur adjacent to a conductor. PD is often detected as small electrical sparks that occur within the electric insulation of switchgear, cables and transformers and is limited in extent, so it does not immediately cause full insulation breakdown. PD is often initiated within gas voids enclosed in solid insulation, or in bubbles within a liquid insulating material, such as voids in an epoxy insulator, or gas bubbles dissolved within transformer oil [1] . As the gas within the void has a dielectric constant much less than the surrounding material, it will experience a significantly higher electric field. When this becomes high enough to cause electrical breakdown in the gas, a PD occurs.
Partial discharges at the interface of two media are commonly called surface discharges and produce the well-known surface tracking [2] . An example of the signatures of surface tracking on a cable termination is shown in Figure 1 . Surface tracking at the interface between solid insulation and air frequently result from the following process. At each end of the potential gradient, any irregular or sharp needle-like point will have a stronger electric field. This stronger electric field ionizes the surrounding air, therefore causing this air to be conductive and partial discharges may exist in this region. At some point, the addition of contamination and moisture may create a leakage path to ground. In paper-insulated medium-voltage cables, the repetitive PD will eventually cause permanent chemical changes within the affected paper layers and impregnating dielectric fluid. Over time, partially conducting carbonized electrical trees are formed. This places greater stress on the remaining insulation, leading to further growth of the damaged region, resistive heating along the tree, and further charring [3] . This eventually culminates in a complete dielectric failure of the cable and, typically causes an electrical explosion. An example on the effect of electrical tree on a cable termination is shown in Figure 2 . Figure 1 . Example of surface tracking at a cable termination Figure 2 . Example of signature of insulation failure due to electrical tree A significant increase either in the PD level or in the developing rate of PD activity can provide an early indication of an incipient fault condition. Operational experience, suggests that it is important to isolate the underground power cable suspected of incipient fault after detecting the first symptom of a PD. Isolating the underground cable network can limit the overall energy at the point of fault and also reduce the occurrence of repeated voltage transients in the system. The detection and isolation of incipient faults in a power supply system is essential for ensuring safe, reliable, and efficient operation of consumers' installations. Incipient faults are predictable and avoidable if the degradation processes are known and detectable.
One of the earliest known and practical techniques for detecting incipient fault in underground cable system was developed by Weeks and Steiner [4] . The technique detected the existence of electromagnetic noises that appears at both ends of power cable terminals to indicate the existence of incipient fault. The noise generated at the sites of deterioration will propagate along the cable in both directions from its origin. If the noise signal recorded at one end of the cables correlate with the other noise signals recorded at the other end, then incipient fault is detected. In [5] , it was observed that there were major differences between PD and electromagnetic noises as detected by capacitive couplers installed at the phase terminals. The pulse response is greatest in the phase which has a PD whereas for noise, the initial signal magnitude is much the same on all three phases. Therefore, monitoring electromagnetic noise for detecting incipient fault may not yield accurate results as monitoring for PD activity.
Kim et. al. in [6] applied statistical approach to identify symptoms related to incipient faults in distribution networks, using the trend analysis method called the Laplace trend test. The existence of incipient fault is detected if the Laplace test index is greater than 1.96. The drawback of this technique is that the detection of incipient fault can only be determined by accessing both the fault and event data. Another method for detecting PD using electrical signals emitted from an underground cable was introduced by Dorris et. al [7] . Here, the detected small and fast current pulses are associated with water treeing in underground cable systems. A water tree is a chemical degradation of polymeric insulation such as XLPE that only occurs in the presence of water and electrical stress. The study showed that water treeing can induce certain current pulses that can be detected as image currents induced in the adjacent ground electrodes. The disadvantage of this technique is related to electrical noises that could exceed the set threshold and create a record resembling fast current pulses, thus, giving a misleading result in the detection of PD. Another similar technique that involved measuring the current pulses during pre-PD conditions was developed in [3] . The measurement of these nondestructive current pulses has practical significance, in which it can detect true PD occurrence. The non-destructive current pulses were also related to the existence of space charge in underground cable systems which were formed under dc stress in dielectrics during local dielectric breakdown or electrical tree initiation [8] . It was noted that there is a link between space charge and electrical tree in which the onset of electrical treeing is represented by current pulses which detect incipient fault in underground cable systems.
Ahmad and Srinivas in [9] used a digital spectrum analyzer to detect on-line PD in which the analyzer was equipped with a high frequency preamplifier and high frequency inductive sensors installed in underground cable systems. The existence of PD was identified based on the detection of high frequency electromagnetic pulses in both the voltage and current signals in underground cable. The detection of high frequency electromagnetic pulses would indicate the existence of incipient fault. However, special care must be given to distinguish between external electromagnetic noise and electromagnetic signals produced by the PD activities inside the cable. On-line PD testing called as the CableWise Technology uses a digital spectrum analyzer for detecting high frequency signals both prior to and during PD inception [10] . From the signal information, the CableWise technique will rank the sections of the underground cable according to the degree of degradation with respect to the VHF values. The significance of the high frequency electromagnetic pulses in the detection of PD was also highlighted in [11] .
New approaches have been developed to detect incipient fault based on diagnosis of current signals recorded from underground power cables [12] . Underground cables are known to exhibit incipient, self-clearing arcing faults prior to failing permanently in which the incipient fault typically lasts between half-cycle (10ms) to 3 half-cycles (30ms) in a 50 Hz system. During such period of PD, high frequency components are present in the current waveforms. Eventually when the insulating layer is broken, a high fault current of fundamental frequency is created. During the occurrence of the incipient faults, the values of neutral current and the fault component in the affected phase will correlate thus confirming the detection of incipient faults. The accuracy of this method is very much dependent on the sensitivity of the available relays and current transformers. Butler in [13] applied a similar methodology, which includes an expert system for detection of incipient fault and predictive maintenance. Abnormalities due to incipient faults are recognized through comparisons with the existing knowledge data base. However, the success of this method is very much depends on the knowledge database.
Morghe et. al in [14] applied time and frequency domain analysis on actual scenarios of a certain class of incipient faults leading to an eventual splice failure in an underground distribution system. The time domain was analyzed by converting the current waveforms into root mean square (rms) values. From the rms, the value and duration of the transient current was evaluated to justify the existence of incipient fault. The frequency domain analysis was performed by applying the Fast Fourier Transform (FFT) on the incipient current cycle to provide a view of the harmonics present in the faulted cycle.
In a real practical situation, the harsh noise environment in the electrical system is one of the limiting factors in the detection of PD and electrical tree. Therefore, in order to obtain accurate detection of incipient fault, it is recommended that power quality recorders are to be used to record all abnormal conducted signals in the power systems. Power quality recorders with high sampling rate can detect and record minor abnormalities in the current and voltage waveforms. Signal processing techniques must then be used in processing the recorded signals. The selection of signal processing technique is very important as the waveforms recorded during the occurrence of PD are non stationary and noise polluted. The application of FFT for the detection of disturbances will be inaccurate as the FFT only gives the frequency components that exist in the signal [15] . Another relatively new signal processing technique known as the wavelet transform which gives time localization of the spectral components of signals has been applied for analyzing power quality disturbance signals [16] . However, it is reported that the performance of the wavelet transform is less superior compared to the new time frequency technique known as the S-transform (ST) [17] . In this paper, a novel approach to predict the existence of incipient fault in the existing underground cable system in Malaysia is proposed using the ST and the support vector regression (SVR) technique. The excellent time-frequency resolution characteristic of the ST makes it an attractive candidate for the analysis of power quality (PQ) disturbances under noisy condition [18] . The SVR is considered as a relatively new supervised learning technique for predicting the existence of incipient faults.
Proposed Method for Predicting Incipient Fault
The novel approach for predicting incipient fault in a distribution system is described in terms of a block diagram as shown in Figure 3 . Initially, the voltage disturbances are assumed to be recorded via the on-line power quality monitoring system (PQMS) shown in Figure 4 . As shown in Figure 4 , the online PQMS which comprises of a power quality recorder (PQR), is installed in a substation to capture both the voltage and current events at the 33 kV busbar originating from the distribution feeders (DF1 to DF4) and the transmission feeders (TF1 and TF2). The data recorded will be sent to the PQMS server via a fibreoptic communication system. The PQMS runs continuously and monitors the bus and feeder for abnormalities predefined and programmed into the triggering logic. The PQMS will also send the summary of the disturbance in text format via short messaging system to the power utility engineers.
Next, the ST will process the voltage disturbance data to extract the useful features of the disturbance. These features will then be applied to the SVR for predicting the incipient faults in a distribution system. The results of SVR are classified for predicting incipient faults and classes of power quality disturbances. 
S-Transform for Detecting Incipient Faults
The S-transform is considered as one of the most recent signal processing techniques that produces a time-frequency representation of a time series signal [19] . It is similar to the wavelet transform (WT) by having progressive resolution but unlike the WT, the ST retains absolutely referenced phase information and has a frequency invariant amplitude response. The ST is an extension of the continuous WT (CWT) in which it is based on a moving and scalable localizing Gaussian window. The ST for a function, ) (t h , can be defined as a CWT for function ) (t h multiplied by a phase correction factor, CWT, firstly consider the CWT which is a series of correlations of the time series with a function called as wavelet and it is given as:
is the mother wavelet, t and τ are both time, and the dilation factor d is the inverse of the frequency,f.
The mother wavelet can be further expressed as:- The phase factor in (3) is a phase correction of the CWT. It eliminates the concept of wavelet analysis by separating the mother wavelet into two parts, which are, the slowly varying envelope or the Gaussian function which localizes in time, and the oscillatory exponential kernel,
which selects the frequency being, localized [20] . The ST can be interpreted as phase-corrected CWT and it generates contours, which are suitable for detection by simple visual inspection unlike the CWT transform that requires specific methods like standard multiresolution analysis [22] .
The ST distinguishes itself from the many time-frequency representations available by uniquely combining progressive resolution with absolutely referenced phase information. It is known that progressive resolution gives a fundamentally sounder time-frequency representation. The ST has unique properties in which it uniquely combines frequency dependent resolution with absolutely reference phase, so that the time average of the ST equals the Fourier spectrum. It simultaneously estimates the local amplitude spectrum and the local phase spectrum, whereas the CWT approach is only capable of probing the local amplitude and power spectrum. It independently probes the positive frequency spectrum and the negative frequency spectrum, whereas many wavelet approaches are incapable of being applied to a complex time series. The output of the ST is an M x N matrix named as the S-matrix whose rows (M) pertain to frequency and columns (N) to time. Each element of the S-matrix is a complex number. The information in the S-matrix can be plotted as time-frequency contours. The advantages and disadvantages of Wavelet and S transform are summarized in Table 1 . As mentioned earlier, incipient faults are self-clearing arcing faults which will occur very frequently prior to failing permanently. Incipient faults can also be categorized as nonpermanent fault in which these events typically last for one half-cycle and extinguish at the first natural zero crossing of the current. The magnitude of the half-cycle event is primarily dependent on the location of the fault on the distribution network. The common causes of incipient faults are PD activities in the cable compartment. Normally, when PD is initiated, high frequency transient current pulses will appear and persist for nano-seconds to milliseconds then disappear and reappear repeatedly [4] . The excellent time-frequency resolution of the ST makes it an attractive candidate for detecting incipient faults.
Table 1. Comparison of Wavelet and S-Transform

A. S-transform for Feature Extraction of Incipient Faults
Feature extraction is a preprocessing operation that transforms a pattern from its original form to a new form suitable for further processing. A set of features that are commonly selected to analyze a set of data are based on standard mathematical statistical indices i.e. the maximum, minimum, standard deviation and mean values [18] . In this study, the first step in performing feature extraction is by mapping the voltage and current signals into its ST domain. Computer may take a lot of memory space depending on your signal size and the resolution Computation may take anywhere from a couple seconds to couple hours depending on your signal size and the resolution Better understanding of the time-local properties of the time series is required Phase information of the signal is not considered explicitly -Then, the STMV for the red phase which is the maximum value appearing in all the columns of the S-matrix, can be obtained as:
where STMVR V is the vector for the maximum value for all the columns in the S-matrix for the red phase voltage. The STMV plot indicates the changes in amplitude resolution. The STMV can be used to characterize incipient faults of a disturbance signal in terms of time-amplitude representation.
Similarly, considering the vectors of the maximum value for all the rows in the S-matrix for the voltage of red phase, the STFV for the red, is derived as follows:
where STFVR V is the vector for the maximum value for all the rows in the S-matrix for the red phase voltage. The STFV plot indicates the changes in frequency resolution. The STFV can be used to characterize incipient faults of a disturbance signal in terms of time-frequency representation. One can derive STMV and STFV for yellow and blue phases can be obtained by following a similar procedure. Another example for STMV and STFV plots is shown in Figure 6 . The minimum STMV values for the yellow and blue phases are greater than 0.95 per unit which indicated no occurrences of voltage sags. The maximum value of the STMV for the yellow phase is less than 1.17 per unit and therefore, no voltage swell exists in the phase voltage. In this example, the maximum values of the STMV and STFV are 1.032 and 1.15 per unit, respectively. The common ranges for the STMV and STFV for detecting incipient faults are shown in Table 2 . To further categorize the types of faults, two new features, F1 and F2, are derived from the STFV. Feature F1 or STDV X values are the sum of the standard deviations for the STFV plots for all the phase voltages. The feature, F1 is expressed as follows:
where STDV R is the standard deviation of the STFV plots for red phase voltage waveform, STDV Y is the standard deviation of the STFV plots for yellow phase voltage waveform, and STDV B is the standard deviation of the STFV plots for blue phase voltage waveform. Figure 6 . The STMV and STFV plots for an incipient fault for Example signal 2 The next feature, F2, is the difference between the maximum and minimum values of the STFV plots which is given by, (8) where
Features, F1 and F2 are applied in the prediction of incipient faults. These features were tested on 105 sets of power quality disturbance data comprising of both voltage sags and voltage swells. The respective values of the features F1 and F2 are then calculated and plotted on a scatter plot. From the scatter plots, the values of F1 for classifying incipient fault is such that it has to be less than 0.027 and for classifying non-incipient fault it has to be greater than 0.027. The values of F2 for classifying incipient fault should be less than 0.30 and for classifying non-incipient fault it has to be greater than 0.30. Table 3 shows the values of features, F1 and F2 for classifying incipient and non-incipient faults. 
Application of Support Vector Regression for Prediction of Incipient Faults
Initially, SVMs were developed to solve classification problems, but recently, they have been extended to the regression problem domain. The term SVM is typically used to describe classification with support vector methods, while support vector regression (SVR) is used to describe regression with support vector methods [23] .
By viewing input data as two sets of vectors in an n-dimensional space, an SVM will construct a separating hyperplane in that space, one that maximizes the margin between two data sets. To calculate the margin, two parallel hyperplanes are constructed, one on each side of a separating hyperplane, which are "pushed up against" the two data sets. Intuitively, a good separation is achieved by the hyperplane that has the largest distance to the neighboring data points of both classes, since, in general, the larger the margin is, the better the generalization error of the classifier. Consider a sample training data which are a set of points of the form:
where c i is either 1 or −1, indicating the class to which the point To classify the data set, a maximum-margin hyperplane is required that can divide the points having c i = 1 from those having c i = − 1. The classification is done by means of a dividing hyperplane, which takes the form of the equation:
where w is orthogonal weight vector 
In other words, the dividing hyperplane has to follow the following constraints:
Thus, two parallel hyperplanes are created on each side of the dividing hyperplane, satisfying the above constraints. The hyperplanes can be described by the following equations:
The samples on the margin in Figure 7 are called the support vectors. By using geometry, the distance between these two hyperplanes is | In this paper, the SVR predicts the existence of incipient faults in underground power cable systems by classifying the disturbances as either due to incipient or non-incipient faults. The SVR was developed based on the radial basis function (RBF) kernel as given in (16) . The idea of the kernel function is to enable operations to be performed in the input space rather than the potentially high-dimensional feature space. The basic concept is to construct a mapping into a higher dimensional feature space by using reproducing kernels. However, the computation is still heavily dependent upon the number of training patterns, and generating a good data distribution for a high-dimensional problem will generally require a large training set. The bandwidth parameter,σ and the regularization parameter, γ associated with the RBF function are to be tuned in order to get the targeted results. In the SVR training, initially the bandwidth parameter,σ and the regularization parameter, γ was determined by trial and error and their values are found to be 0.2 and 10 respectively. For achieving the required SVR accuracy, the mean square error was chosen to be equal to 0.001. 
Test Results
In this study, the outputs of the new prediction technique based on SVR are the existence of incipient and non-incipient faults. The performance of the SVR based ST is dependent on the training database developed based on the analyses performed on the 342 sets of voltage and current waveforms obtained from the power quality monitoring system of the Malaysian power utility. Table 4 shows the statistics for both the training and testing data for predicting the incipient faults. The testing data are the data to be predicted by the SVR. Here, the results of the ST for detecting incipient faults are first shown and then followed by the SVR results for predicting incipient faults. 
A. Detection of Incipient Faults by the S-transform
In Figure 9 , the waveforms for both voltage and currents due to incipient fault are shown. This incipient fault was detected at the 11 kV substation in Putrajaya, Malaysia. A high frequency current was detected in the blue phase and caused a minor voltage increase in the yellow phase voltage. The respective ST contours for the voltage and current waveforms are shown in Figure 10 and Figure 11 , respectively. Both the ST contours were plotted for smaller windows of 0 to 500 ms. In Figure 9 , the ST contours show very short duration increases in the yellow phase voltage. The duration of the voltage increase was 12 ms. The sudden voltage increase indicates the existence of high frequency current caused by a PD activity in the cable compartment because the frequency in per unit in this disturbance falls within range in Table 2 . In Figure 11 , the existence of the high frequency current was also detected using the ST contours. The duration of the current was calculated to be 21 ms. 
B. SVR Results
The effectiveness of the SVR in predicting the existence of incipient fault was tested with testing data collected from the power quality recorders. The results of testing the RBF SVR with 269 samples of PQ disturbance data with known causes as either due to non-incipient or incipient faults are shown in Table 5 . The actual causes of the disturbances were verified based on the correlation done with the existing PQ database provided by the Malaysian power utility. From Table 5 , the results of the SVR for predicting non-incipient and incipient faults give average accuracy of 94 % and 86 %, respectively. There are 13 and 7 errors in predicting the non-incipient and incipient faults, respectively. The errors in predicting the non-incipient and incipient faults are probably due to the low feature values which are not within the specified range of feature values. Based on these results, it is shown that the RBF SVR based ST is able to predict satisfactorily the existence of incipient faults. However, the accuracy of the SVR based ST results can be improved further by proper selection of ST features the kernel function and its parameters.
Conclusion
A novel approach to predict the existence of incipient fault was introduced by applying an advanced signal processing technique called the ST together with the SVR. The results of the studies performed in this research, showed that the new approach gives satisfactory accuracy in predicting incipient faults. The accuracy of the new approach is however dependent on the choice of kernel function, the parameters and the ST features selected. Based on these results, the RBF SVR based ST has the capability to perform real-time incipient fault diagnosis on large-scale power systems
